The molecular pathways leading to thyroid follicular neoplasia are incompletely understood, and the diagnosis of follicular tumors is a clinical challenge. To provide leads to the pathogenesis and diagnosis of the tumors, we examined the global transcriptome signatures of follicular thyroid carcinoma (FC) and normofollicular adenoma (FA) as well as fetal/microFA (fetal adenoma). Carcinomas were strongly enriched in transcripts encoding proteins involved in DNA replication and mitosis corresponding to increased number of proliferating cells and depleted number of transcripts encoding factors involved in growth arrest and apoptosis. In the latter group, the combined loss of transcripts encoding the nuclear orphan receptors NR4A1 and NR4A3, which were recently shown to play a causal role in hematopoetic neoplasia, was noteworthy. The analysis of differentially expressed transcripts provided a mechanism for cancer progression, which is why we exploited the results in order to generate a molecular classifier that could identify 95% of all carcinomas. Validation employing public domain and cross-platform data demonstrated that the signature was robust and could diagnose follicular nodules originating from different geographical locations and platforms with similar accuracy. We came to the conclusion that down-regulation of factors involved in growth arrest and apoptosis may represent a decisive step in the pathogenesis of FC. Moreover, the described molecular pathways provide an accurate and robust genetic signature for the diagnosis of FA and FC.
Introduction
Thyroid nodules are a common clinical finding (Hegedus et al. 2003 , Hegedus 2004 . In Western Europe, w6% of all women have palpable nodules, and the number of silent thyroid nodules is several folds higher. In addition to alleviating local compressive symptoms or thyroid hyperfunction, the major clinical challenge is to exclude the possibility of malignancy. Only about 5% of cold thyroid nodules become malignant, and it is therefore important that the diagnostic procedures exhibit a high sensitivity and specificity (Utiger 2005 , Ruggeri et al. 2008 . Follicular thyroid carcinomas (FCs) comprise about 15% of all malignant nodules and they may be overlooked, since the diagnosis mainly relies on the exclusion of capsular and/or vascular invasion. Moreover, it is difficult to distinguish benign follicular adenoma (FA) from carcinoma.
The road to follicular neoplasia is not completely understood. In contrast to the well-defined RET and BRAF mutations found in medullary and papillary thyroid cancers, follicular tumors do not exhibit consistent mutations (Fagin & Mitsiades 2008) , although individuals exhibiting variations in FOXE1 (TTF2) and NKX2-1 (TTF1) have recently been reported to have increased risk of developing follicular carcinoma (FC; Gudmundsson et al. 2009) . RAS is mutated in up to half of the tumors and a recurrent PAX8-PPARg translocation has been identified in 26-56% of the cancers, but also in a number of adenomas (Nikiforova et al. 2003 , Delellis 2006 , Fagin & Mitsiades 2008 . The microFAs or fetal adenomas (FEAs) represent a subtype of follicular nodules exhibiting a high degree of aneuploidy, which renders these tumors more likely to become malignant (Castro et al. 2001) . A number of studies have successfully exploited global expression profiling to identify molecular markers or signatures of thyroid neoplasia (Barden et al. 2003 , Finley et al. 2004 , Mazzanti et al. 2004 , Lubitz et al. 2005 , Weber et al. 2005 , Fryknas et al. 2006 , Griffith et al. 2006 , Fujarewicz et al. 2007 , Prasad et al. 2008 , Hinsch et al. 2009 ). Among others, cyclin D2 (CCND2), protein convertase 2 (PCSK2), and prostate differentiation factor (PLAB) have been reported to differentiate between FC and FA (Weber et al. 2005) . With few exceptions (Weber et al. 2005 , Fryknas et al. 2006 , Fujarewicz et al. 2007 , Prasad et al. 2008 , most studies have relied on unsupervised methods, such as hierarchical clustering of a list of differentially expressed genes, which are not appropriate methods to provide signatures that are robust across geographical locations or platforms that may affect the accuracy of the predictions made by a particular classifier (Simon 2006) . To explore if it was possible to identify molecular pathways implicated in follicular neoplasia and further improve diagnosis, we performed a global expression profiling of follicular nodules and applied supervised learning by support vector machines (SVM) to generate diagnostic signatures based on the major cancer-specific changes. We report that thyroid FCs are characterized by transcripts encoding factors involved in DNA replication and mitosis and loss of growth arrest, and proapoptotic factors such as NR4A1 and NR4A3, FOSB and JUN, which previously have been causally associated to stem cell proliferation and defective extrinsic apoptotic signaling (Mullican et al. 2007) . Based on the analysis of differentially expressed transcripts, we generated a molecular classifier that could identify carcinomas with a high accuracy. Validation employing public domain and cross-platform data demonstrated that the signature was robust and worked equally well on follicular nodules originating from different geographical locations and platforms.
Materials and methods

Collection of tumor samples
Sixty-nine tumor samples were collected from patients who underwent thyroidectomy at the Copenhagen University Hospital, Rigshospitalet, and the Odense University Hospital from 1989 to 2008. The sampling at the Copenhagen University Hospital was part of an ongoing quality assurance programme, and all patients had been informed about and agreed to the sampling. Handling and usage of all the samples obtained from the Odense University Hospital were approved by the ethics committee of the County of Funen. After surgical excision, the tumor samples were snap frozen in liquid nitrogen and stored at K80 8C. The tumors included 22 benign FAs (7 from Copenhagen and 15 from Odense), 18 FCs (3 from Copenhagen and 15 from Odense), 12 microFAs (all obtained from Odense), 4 anaplastic carcinomas (AC; from Copenhagen), 2 papillary carcinomas (PC; from Copenhagen), and 9 nodular goiters (NG; from Copenhagen). Twenty-three samples were obtained from the expression profile repository, Array Express (http://www.ebi.ac.uk/ arrayexpress/); these amounted to 14 PC and 9 normal thyroid samples.
Microarray analysis
Total RNA was isolated using TRIzol reagent (Invitrogen), and purified over RNeasy columns (Qiagen) . The quantity and integrity of the extracted RNA were determined using Nanodrop (Nanodrop Technologies, Wilmington, DE, USA) and the Bioanalyzer LabChips (Agilent Technologies, Santa Clara, CA, USA) respectively. Samples were labeled according to the manufacturer's guidelines. In short, 2 mg of total RNA were transcribed into cDNA using an oligo-dT primer containing a T7 RNA polymerase promoter. cDNA was used as a template in the in vitro transcription reaction driven by the T7 promoter, under which biotin-labeled oligonucleotides were incorporated into the synthesized cRNAs. The labeled cRNAs were hybridized to the HG-U133plus2 GeneChip array (Affymetrix, Santa Clara, CA, USA), which query close to 48 000 wellsubstantiated genes by w56 000 probe sets. The arrays were washed and stained with phycoerythrin-conjugated streptavidin (SAPE) using the Affymetrix Fluidics Station 450, and scanned in the Affymetrix GeneArray 3000 7G scanner to generate fluorescent images as described in the Affymetrix GeneChip protocol. 
Microarray data analysis
Cel files were imported into the statistical software package R v. 2.7.2 using BioConductor v. 2.8 (Gentleman et al. 2004 ) and gcRMA modeled using quantile normalization and 'lowess' summarization (Bolstad et al. 2003) . The modeled log-intensity of 56 400 probe sets was used for high-level analysis for selecting differentially expressed genes and formulating the classifier. Model construction and optimization were written in R (v. 2.7.2). Various functions from the BioConductor packages, Biobase, affy, multtest, MASS, class, e1071, mda, grid and RocR were applied in the code (Gentleman et al. 2004) . The microarray data were submitted to the gene expression repository at Array Express (http://www.ebi.ac.uk/arrayexpress/) with accession number E-MEXP-2442.
Differential expression analysis
Genes were defined as being differentially expressed in a class comparison analysis if they were selected in the univariate two-sample t-test or F-test with equal variance as described below. Statistical hypothesis testing was performed using the multtest package in Bioconducter v. 2.7.2. Equal variance two-sample t-statistic or multi-sample F-statistic for tests of equality of population means was performed on each gene. Control of type I error rate was performed by computing adjusted P values for simple multiple testing procedures from a vector of raw (unadjusted) P values. The procedures include the Bonferroni, Holm, Hochberg, and Sidak procedures for strong control of the family-wise type I error rate (FWER), and the Benjamini & Hochberg and Benjamini & Yekutieli procedures for (strong) control of the false discovery rate (FDR). The FWER methods provide a very conservative control of error rates, and hence the resulting number of rejections (discoveries of differentially expressed genes) is in practice close to zero. In comparison, the FDR methods give more power in the analysis, and since we wished to make as many discoveries as possible to enhance the chance of defining the molecular change in the samples and a small proportion of errors will not change the overall result, we chose to apply the Benjamini & Hochberg (1995) FDR analysis. A probe set is defined as being differentially expressed if the adjusted P value is below 0.05 applying Benjamini & Hochberg (1995) controlling procedure, and has a fold change larger than 1.5 and a difference of means larger than 100 (real unlogged values) between (mutual) classes of samples (FC versus FA, FEA versus FA and FC versus FEA).
The differentially expressed genes were grouped according to their functional categories in cell cycle, cytoskeleton and extracellular matrix (ECM), DNA binding and transcription, metabolism, RNA processing and translation, and secretion and signaling.
Formulation of classifiers
The diagnostic classifiers were developed in R v. 2.7. For all classification problems, the training of the classifiers inside the leave-one-out (LOO) loop consists of two steps: a univariate probe ranking and selection step, and a fitting step in which a SVM is fit on the sample division using the selected probes as covariates. All models were optimized by a grid search of P value cut-offs, and the cut-off resulting in a gene signature of optimal performance was used in the final model. In classifiers 1 and 3, the gene signature was selected with Student's t-test with P values below 1e-4 and 1e-6, and in classifier 2, it was selected with an F-test with a P value below 5e-6. Model fitting was done by training an SVM with a Gaussian kernel (Vapnik 1998) . The parameters of the classifier (cost and gamma) were selected by grid search using different combinations of values and cross-validation within LOO loops to ensure that the estimation of the classifier parameters was unbiased. The grid search optimization showed that a spectrum of values of cost and gamma provided similar performance, and the median values were used in the algorithm. For each cross-validation loop, the percentage of genes selected is reported, and we applied this measure to enhance the robustness of the model in classifier 1 by using only the probe sets that have 100% cross-validation support in the final classifier.
The trained SVM model was turned into a probabilistic classifier giving an estimate of the probability of the predicted class label, i.e. quantification of the prediction uncertainty, or the predictive probability of a sample being one or the other type using logit estimates (Platt 1999) . The predictive probability is graphed as the function p(FA) by plotting the predictive probability on the y-axis and samples on the x-axis (classifiers 1 and 3). In the three-class problem (classifier 2), a ternary plot was produced combining the probabilities for a sample being either one of the three classes: FA, FC or FEA.
Estimation of misclassification rate
The misclassification rate for each classifier was evaluated using LOO cross-validation (LOOCV) during which we applied t-tests (classifiers 1 and 3) Endocrine-Related Cancer (2010) 17 691-708 www.endocrinology-journals.org or the F-test (classifier 2) for feature selection of probe sets to include in each model. The correct classification rate was calculated as the percentage of correctly classified samples of the total number of samples examined. Furthermore, the performance of each classifier during LOOCV is described by the following parameters: sensitivity, which is the probability for a class A sample to be correctly predicted as class A; specificity, which is the probability for a non-class A sample to be correctly predicted as non-A; positive predictive value (PPV) is the probability that a sample predicted as class A actually belongs to class A, and negative predictive value (NPV), the probability that a sample predicted as non-class A actually does not belong to class A (Simon et al. 2007) .
Statistical significance of the error rate
A permutation test was performed in order to determine if the cross-validated misclassification rate was lower than expected by chance (Tusher et al. 2001 , Simon et al. 2007 . In 1000 random permutations of the class label, the entire cross-validation was repeated for classifying the random classes of samples. The proportion of the 1000 random permutations that gives a smaller or similar cross-validation misclassification rate as that obtained with the real data determines the permutation P value. The statistical significance of the error rate was determined for the SVM classifier in the two-class cases, and it was determined using the 3-nearest neighbors (3-NN) method for the three-class case due to computational limitations.
Comparison of different classification models
The performance of the SVM classifier was compared with that of other classifiers based on different algorithms, these being diagonal linear discriminant analysis (DLDA), compound covariate predictor (CCP), and 1-NN and 3-NN using BRB-Array tools (Simon et al. 2007) . Sensitivity, specificity, PPV, and NPV were calculated for all algorithms.
External validation data sets
To validate whether classifier 1 could distinguish between FA and FC outside the training setting, we included two external data sets (Weber et al. 2005 , Hinsch et al. 2009 ), which included expression profiles of 24 samples (12 FA and 12 FC) analyzed with Affymetrix HG-U133A arrays and 12 samples (4 FA and 8 FC) analyzed with ABI Human Genome Survey Microarray version 2 from Applied Biosystem (Carlsbad, CA, USA) respectively. The raw data files (cel files) from the Weber et al. (2005) study were normalized and summarized, and expression values were calculated using invariant set normalization and the PM-MM model implemented in the dChip software (Li & Wong 2001) as described. We identified the w22.200 probe sets that were shared between the HG-U133A and the HG-U133_plus2 arrays. The normalized data from the Hinsch et al. study were downloaded from the expression profile warehouse at the NCBI Gene expression Omnibus (Barrett et al. 2009 ) GEO accession number 'GEO15045', and the unique ids were coupled with gene name and gene symbol. The gene symbol was used to find the overlap of the genes between the ABI Human Genome Survey Microarray version 2 array and the other arrays.
Validation using external data sets
We tested the performance of the gene signature developed in the FA versus FC classifier 1 based on Affymetrix HG-U133_plus2 array on the external data sets. Of the 76 probe sets (66 unique genes) in the classifier 1 signature, 45 unique genes were represented on the older HG-U133A array. In order to classify Weber's data, we imported the 24 samples along with our 40 samples using only the w22.200 probe sets that were shared between the HG-U133A and the HG-U133_plus2 arrays. The 24 samples were used (Weber et al. 2005) as an independent test set, and we applied the classifier using the reduced signature of 45 genes. The same procedure was used for the 12-sample validation data (Hinsch et al. 2009) employing the samples as an independent test set implementing the gene signature from classifier 1 using the 53 genes of the 66 genes in our classifier that were shared between the Affymetrix and the ABI platforms.
Test of gene signatures across platforms
In order to determine the overall performance of our model using the 76-probe set signature compared to other published signatures and classifiers, we tested the two signatures reported by Weber et al. (3 and 80 genes) and one signature reported by Hinsch et al.
(21 genes) using our data as the independent test set.
In addition, we tested signatures from other recent publications (Griffith et al. 2006 , Foukakis et al. 2007 , Prasad et al. 2008 . These signatures included a 5-gene signature (Foukakis et al. 2007) , and a 12-and 32-gene signature of benign versus malignant thyroid tumors from a meta-study (Griffith et al. 2006 ) and a 75-gene signature to discriminate benign thyroid nodules from R Borup et al.: Signatures of follicular neoplasia www.endocrinology-journals.org malignant thyroid nodules (Prasad et al. 2008) . In this way, a total of 8-gene signatures were tested to assess their cross-platform classification accuracy. All gene signatures were used in classifiers comparing the performance of DLDA, 1-NN, 3-NN and SVM respectively as implemented in the BRB-Array tools (Simon et al. 2007 ).
Immunohistochemistry
Resected tumors from thyroid glands were fixed by immersion with formalin. Paraffin sections were cut to a thickness of 4 mm. The sections were placed in Target Retrieval Solution (DAKO, Glostrup, Denmark), and microwaved three times for 3 min to improve staining by antigen unmasking. After washing and quenching of endogenous peroxidase, the sections were blocked and incubated for 1 h at room temperature with antibodies against human Ki67 (Abcam, Cambridge, MA, USA), TOP2A (DAKO), NR4A1 (Lifespan Biosciences, Seattle, WA, USA), and NR4A3 (MBL, Woburn, MA, USA). The labeling was visualized with peroxidase-labeled polymer conjugated to goat anti-rabbit (or anti-mouse) immunoglobulins (DAKO), followed by incubation with diaminobenzidine and counterstaining with hematoxylin.
Results
Clinical representation of patients and tumors in the study
We generated global expression profiles of 69 thyroid samples comprising 2 normal thyroid (NT), 9 NG, 2 PC, and 4 AC samples as well as 52 follicular neoplasia, 22 FA, 12 FEA, and 18 FC samples, including 10 widely and 7 minimally invasive carcinoma samples as well as 1 trabecular cancer sample (Table 1) . Furthermore, we collected 23 samples (14 PC and 9 NT) from external sites (E-GEOD-6004 and E-GEOD-7307) submitted to the expression profile repository at Array Express (http:// www.ebi.ac.uk/arrayexpress/). The 69 samples were diagnosed by a pathologist to assign histopathological diagnosis (according to the WHO classification). Among the follicular neoplasia patients, women constituted the majority, 35 (67.3%), whereas only 17 (32.7%) of the patients were men. The median age of patients with FC was 65 years, which was higher than the median age of patients diagnosed with FEA (50 years) and FA (54 years) respectively. The median size of the nodules was 5.4 cm in diameter (range 2-10 cm) Table 1 Clinical representation of the data included in the training set. A total of 52 samples of follicular neoplasia were analyzed including 22 follicular adenoma (FA), 12 fetal adenoma (FEA), and 18 follicular carcinoma (FC) samples (6 minimally invasive (FC-M), 11 widely invasive (FC-W), and 1 trabecular (FC-T)). The median age of the patients with FC was 65 years compared with 50 years for fetal carcinoma patients and 54 years for FA patients, with median size of nodules being 5.4 cm (2;10) for FC patients compared with 3.8 (2;8) cm for FEA nodule patients and 4.1 (2;11) for FA nodule patients in FC patients compared with 3.8 cm (range 2-8 cm) in the FEA nodule patients and 4.1 cm (range 2-11) in FA patients (Table 1) . In order to obtain an overview of the molecular differences and similarities of the thyroid nodules, we compared the gene expression of all samples with a principal component analysis (PCA) using all transcripts (Fig. 1) . The three-dimensional plot captures 36% of the variance measured across the 92 samples. The analysis showed that AC is clearly distinguishable from the other thyroid nodules, except for a few of the FCs. NG is a specific entity and is easily distinguished from the remaining samples, although it is located next to normal thyroid and FA samples. The FEAs are clustered together, but share similarity with FAs and FCs as expected. The FCs are the most heterogeneous group ranging from being in proximity to FAs and normal thyroid to the ACs. Taken together, the PCA based on the global expression profiles is in agreement with the consensus, stating that AC may be safely diagnosed, whereas the major clinical challenge is to distinguish FC from adenoma. Moreover, the PCA indicates that FEAs are likely to represent a separate biological entity -distinguishable from FA and FC, although they have many shared features.
Differentially expressed transcripts
To achieve knowledge about the molecular perturbations leading to follicular neoplasia, we compared the gene expression patterns of FC, adenoma and microfollicular nodules. Differentially expressed genes were identified by class comparison analysis as described in Materials and methods. The comparative analyses of FC versus FA, FEA versus FA, and FC versus FEA resulted in the identification of 117, 240, and 512 differentially expressed probe sets respectively (Supplementary Table 1 , see section on supplementary data given at the end of this article). Forty-five probe sets were overlapping between FC versus FA and FC versus FEA; however, there was no overlap among the differentially expressed transcripts between FC and FA compared to FEA versus FA. Taken together, we inferred that the transcripts, which are changed in FC, are different from the transcripts altered in FEA, indicating that the differences between FA and FC are likely to be cancer related. Moreover, the high number of selective FEA transcripts emphasizes the unique biological properties of this histopathological entity.
To provide an overview of the molecular function of the differentially expressed transcripts of the FC group compared to FA group, we categorized the encoded proteins as either DNA-or RNA-binding factors, extracellular matrix and adhesion and cytoskeletal components, and proteins involved in metabolism or cell signaling, protein secretion, cell cycle regulation and apoptosis as well as in DNA repair. Moreover, a few proteins or transcripts of unknown function were grouped together. The relative distribution of the functional groups is shown in Fig. 2 . Compared with the entire collection of probe sets on the chip (Jonson et al. 2007) , where about 10% of all encoded proteins may be connected to cell cycle control and apoptosis, we noted that 21% of the differentially expressed mRNAs in FCs encoded proteins categorized under Figure 1 Results obtained from the PCA done on 92 different thyroid samples based on the entire transcriptome (all genes on the array). Each dot represents a sample that is colored according to the histological grouping. Follicular adenoma (FA), light blue; follicular carcinoma (FC), orange; fetal adenoma (FEA), green; anaplastic carcinoma (AC), red; papillary carcinoma (PC), dark blue; nodular goiter (NG), pink; normal thyroid (NT), white. The PCA plot of the first three principal components captures 27% of the variance across the samples. The percentage of the total variance described by each of the three principal components is given in parentheses at each axis. Both the AC group and the NG are well separated from the remaining samples. FA, FC, and FEA are difficult to distinguish, although FEAs are mainly localized in the lower part of the cluster. The FC nodules are very heterogeneous, showing similarity with PC, FA and FEA. The PCA and visualization were performed using the Qlucore Gene Expression Explorer 1.1 (www.qlucore.com).
this group. Moreover, transcripts encoding factors involved in protein secretion or DNA repair, which normally represent more than 10%, only constituted 3% of the mRNAs, and the number of mRNAs encoding DNA-and RNA-binding proteins was 1.5 times lower than their representation in the total transcriptome (19%). Transcripts encoding proteins involved in signaling and metabolism were represented similarly to the entire transcriptome.
Since cell cycle control and apoptosis are major cancer-related pathways, we examined these pathways in more detail. All redundant probe sets were excluded, and this left us with 101 unique differentially expressed factors. The function of every differentially expressed factor was derived from the comprehensive cDNAsupported gene and transcript annotation Ace View (Thierry-Mieg & Thierry-Mieg 2006) (http://www. ncbi.nlm.nih.gov/IEB/Research/Acembly/index.html), and was substantiated by a search in PubMed and Google. This revealed a striking enrichment of transcripts encoding proteins involved in DNA replication and mitosis as well as in apoptosis among the up-and down-regulated mRNAs respectively (Table 2 ). In addition to the proteins directly involved in cytokinesis, the increased level of RRM2, which previously has been implicated in carcinogenesis , Souglakos et al. 2008 , and TOP2A, which may represent a possible treatment target, was notable (Pritchard et al. 2008 , O'Malley et al. 2009 ). Transcripts encoding the nuclear orphan receptors NR4A1 and NR4A3 were heavily downregulated together with JUN and FOSB and the two transcripts encoding growth inhibitory factors ERG2 and SDPR. Moreover, the down-regulation of the transcripts encoding the mitochondrial potassium voltage-gated channel KCNAB1 and the solute carrier organic anion transporter family 2A1 factors, both of which are implicated in Fas-mediated apoptosis, was observed.
We corroborated the correlation of the mitotic transcripts to cell division by Ki67 staining of a series of histological sections of FA and FC, and confirmed the up-and down-regulation of TOP2A, NR4A1 and NR4A3 respectively (Fig. 3A) . Nuclear Ki67 staining was mainly observed in the malignant epithelial follicular cells. A few scattered surrounding mesenchymal cells also stained positive in both adenoma and carcinoma. In agreement with the microarray data shown in Fig. 3B , FC exhibits a wide range of mitotic activities, but in general, adenomas had fewer Ki67-positive cells. A similar pattern was observed for the TOP2A, which was significantly elevated in the FC. Also in agreement with the microarray results, nuclear and cytoplasmic staining of NR4A1 and NR4A3 was reduced in carcinoma. Compared with the variable number of mitotic cells, the absence of NR4A1 and NR4A3 was observed in all carcinomas (Fig. 3A) . This led us to generate a hierarchical cluster of the transcripts in order to examine if this was a general pattern during transition from adenoma to carcinoma. As shown in Fig. 3B , transcripts encoding apoptotic factors are consistently lost in carcinoma, whereas mitotic factors provide a gradient of increased expression among the malignant nodules. To determine whether the increased expression of mitotic genes was correlated to tumor size, we clustered the same transcripts again, but this time, the samples were ranked from small to large tumor size within FA and FC samples respectively. The cluster shows that there is no clear correlation between large tumors and the increased expression of mitotic gene (Supplementary Figure 2 , see section on supplementary data given at the end of this article).
To investigate if the loss of apoptotic factors was a primary sign of malignancy, we compared the expression of the factors in normal thyroid gland with that of the factors in FA and FC as well as in AC Endocrine-Related Cancer (2010) 17 691-708
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and PC. As shown in Fig. 4 , the expression of the proteins was similar in adenoma and normal thyroid tissue, whereas the activity was lost in the carcinoma. Oppositely, mitotic factors are increased in the carcinoma group in agreement with the expansion of malignant cells.
Generation of a robust classifier for follicular neoplasia
Since the analysis of differentially expressed transcripts provided a possible mechanism for cancer progression, we aimed towards exploiting the results to generate an accurate molecular classifier that could Table 2 List of gene products related to cell cycle control, specifically S-phase and mitosis, and apoptosis, which were found to be highly enriched within the genes that were regulated between follicular adenoma and follicular carcinoma (FC All classifiers were based on the SVM algorithm developed in our R script. We compared the accuracy of the prediction by using the different classification methods implemented in BRB-Array tools. We selected 76 probe sets in order to discriminate between the two groups of 22 FA and 18 FC samples. Of the prediction algorithms that were tested, 3-NNs and Essentially, all the above-described transcripts involved in cell division and apoptosis were included in the classifier. By applying cross-validation, we ensured that the data used for evaluating the predictive accuracy of the classifier were distinct from the data used to select the genes to be included in and build the classifier. The overall accuracy and performance of the classifiers during cross-validation are listed in Table 3 . Classifier 1 achieved an accuracy of 95% during cross-validation. Two of the 40 samples were misclassified, which include one FA (FA18) sample and one FC (FC8) sample respectively. Classifier 2 achieved a correct classification in 85% of the samples (44 of 52 samples) during LOOCV. The eight misclassified samples were two FA, two FC, and four FEA samples. Consistent with classifier 1, the samples FA18 and FC8 were misclassified. In classifier 3, FA and FEA merged versus FC; we observed an accuracy of 90%. Fifty-two samples were used in this analysis, and five of these received a wrong label from the classifier. Again, FA18 was classified as an FC sample, as were FA5 and FEA9. The samples FC8 and FC17 were classified as FAs. The PCA and visualization were performed using the Qlucore Gene Expression Explorer 1.1 (www.qlucore. com). Each dot represents a sample, FA, orange; FC-W, blue; FC-M, red. The three-dimensional PCA plot captures 72% of the variance described by the gene signature. The percentage of the total variance described by each of the three principal components is given in the parentheses at each axis. The FA and FC groups are well separated, except for two samples (FC8 and FA18), which are located in the borderline area between the FA and FC clusters. These samples are misclassified in the classification analysis. In the FC group, minimally invasive cancers are labeled in red, and widely invasive cancers are labeled in blue. The PCA and visualization were performed using the Qlucore Gene Expression Explorer 1.1 (www.qlucore.com). (B) Plot of the predictive probability output for classifier 1. For FC, the sensitivity of classifier 1 was 0.94 and the specificity was 0.96, resulting in a NPV of 0.96 (Table 3 ). The high performance of the classifier is also shown by the relative receiver operating characteristic curve, where the AUC is 0.96 for classifier 1 (Supplementary Table 5C ). Classifier 3, which was built to distinguish between the two merged adenoma samples and the carcinomas, had a sensitivity of 0.89 for FC and a specificity of 0.91 for FA. When translating these numbers into the positive prediction values for FC, which were 0.94 for FC in classifier 1 and 0.84 for FC in classifiers 2 and 3, a better performance of classifier 1 to predict the FCs correctly was observed. To assess whether or not the classifiers predicted more accurately than by chance (Simon et al. 2007) , we computed misclassification rates of 1000 random permutations in order to calculate a P value of the global test that the classifier is picking up random noise in the data (Simon et al. 2007 ). The error rate estimate was statistically significant with P values for the three classifiers of 0.01, 0.03 and 0.03 respectively (Table 3) .
Predictive probability and PCA of the classifiers
We used the trained SVM classifiers to derive the predictive probability of a sample being one or the other type using logit estimates (Platt 1999) . A sample is classified as an FA sample if the predictive probability is above 0.5 and as an FC sample if the predictive probability is below 0.5 (Fig. 5B) . It should be noted that a probability of 1.0 could be interpreted as the classifier being completely certain about its prediction, whereas a value of 0.5 reflects total uncertainty. The analysis showed that one sample (FC11) was close to the borderline (p(FA)Z0.5), although it was labeled correctly during LOO. One sample, FA18, was very similar to the FC samples having a probability of 0.96 of being FC samples. This sample was misclassified in every analysis. Similarly, sample FC8 was classified as an FA sample, with a probability of belonging to the FA group of 0.83. When the FEA samples were included in the analysis as a test set, all but one FEA sample had a high probability of being FA samples (see samples labeled in green, Fig. 5B ). Interestingly, PCA (which does not use sample labels) of the 76 probe sets that constitute the gene signature of classifier 1 was in agreement with the classifier, and showed full separation of the FA and FC classes, except for samples FA18 and FC8, which were located in the area between the FA and FC sample clusters (Fig. 5A) . The PCA also demonstrated that the classifier provided a clear separation of both minimally invasive carcinoma (FC-M) and widely invasive carcinoma (FC-W) compared with adenoma. Moreover, there were no differences in the predictive probabilities between the two subtypes. We also derived the prediction uncertainty (predictive probability) for assigning class labels to the FA, FC or FEA samples in classifier 2. The results are summarized in a triangular diagram of the probabilities (Fig. 6B) . Each vertex of the triangle represents a subclass. Samples plotted close to a vertex have a high probability of belonging to this particular class, whereas samples that are plotted in the center are fully uncertain (Fig. 6B) . The eight samples that were misclassified were in concordance with the cross-validation error obtained during the training of the model: four FEA samples and two FA and FC samples respectively. The plot shows that two-thirds of the 12 samples were correctly Table 3 Performance of the classifiers. Performance of the three classifiers during leave-one-out (LOO) training and crossvalidation. Classifier 1 was trained to predict and discriminate between follicular adenoma (FA) and follicular carcinoma (FC). Classifier 2 was trained to predict and discriminate between FA, FC and fetal adenoma (FEA). Classifier 3 was trained to discriminate between the merged adenomas and the FC. The overall classification performance of 95, 85, and 90% of the three classifiers respectively is given. PPV is the positive predictive value, and NPV is the negative predictive value. Accuracy, sensitivity, specificity, PPV, and NPV are reported for each of the follicular subtypes taking part in each classification analysis during LOO training and cross-validation
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www.endocrinology-journals.org classified as FEA. This was in concordance with the PCA of the gene signature of classifier 2. Here, we observed that the three classes were separable, although a few samples from each class were overlapping with other classes (Fig. 6A) . Driven by the observation that FEA indeed is a subtype of FAs, which is supported by classifier 1 results ( Fig. 5B and Supplementary Figure 3A , see section on supplementary data given at the end of this article), we constructed a third classifier, classifier 3, where the two adenoma subclasses were merged. We tested the probabilistic classifier's ability to distinguish between the merged adenoma group and the carcinomas. The results are shown in Table 3 . Five samples were misclassified: three adenoma samples and two FC samples. In agreement with classifiers 1 and 2, the sample, FA18, was placed as an FC sample (Supplementary Figure 4B , see section on supplementary data given at the end of this article). According to the probabilistic classifier, ten of the twelve FEA samples had a high probability of belonging to the FA class (Supplementary Figure 4B) . This was expected, and suggests that these two classes have a higher degree of similarity than FC and FEA. This is also supported by the differential expression analysis where we found 240 genes differentially expressed between FA and FEAs compared with 512 genes regulated between FEAs and FCs. Placing the FEA samples with the FA group is justifiable according to the results from classifier 2. Since classifier 1 accurately classified the FEA samples as FA and showed the optimal results as well as had the benefit of a balanced design between FA and FC, we used this signature for further analysis.
Test of classifier on external validation data
One downside of the microarray classifiers is that different studies analyzing the same outcome report different genes used in the classifier. Thus, we examined whether or not classifier 1 could accurately classify independent data. The validation data made publically available by Hinsch et al. were produced with oligonucleotide arrays obtained from Applied Biosystems, and moreover, they provided a means of validating the model cross-platform. The data set consisted of four FA and eight FC samples. We downloaded an expression matrix of preprocessed data and used gene symbols to match the genes in our model to the probe id on the ABI array. Of the 76 genes in our signature, 53 were represented on this array. Applying the SVM classifier on the data resulted in an accuracy of 83% (10/12), whereas the qLDA classifier had an accuracy of 92% (11/12) with a sensitivity of 1.0 for FC, validating the performance and robustness of the signature (Table 4, Supplementary Table 18 , see section on supplementary data given at the end of this article). The three-dimensional PCA plot captures 67% of the variance described by the gene signature. The percentage of the total variance described by each of the three principal components is given in the parentheses at each axis. All groups can be easily distinguished from each other, except for a few samples that are the FA and FC groups, and are well separated, except for a few samples, which are located in the borderline area between the FA and FC clusters. The FEA samples overlap with the FA samples. The PCA and visualization were performed using the Qlucore Gene Expression Explorer 1.1 (www.qlucore.com). (B) Ternary plot of the predictive probability output obtained for classifier 2. Each dot is a sample, where the color code represents the true class: follicular adenoma (FA), light blue; follicular carcinoma (FC), orange; fetal adenoma (FEA), green. Each vertex of the triangle represents a subclass. Samples plotted close to a vertex have a high probability of belonging to this particular class, and samples plotted in the center are fully uncertain. The dotted lines indicate the predictive probability with respect to each of the three groups. Using the SVM model as a probabilistic classifier, eight samples were misclassified: four FEA, two FA and two FC samples. The misclassified samples are labeled.
Moreover, we obtained raw data files of 12 FA and 12 FC samples analyzed with Affymetrix HG-U133A arrays, which were preprocessed and re-analyzed as described by Weber et al. Initially, we reproduced the result reported by Weber et al., i.e. obtaining an accuracy of 96% (23/24) in discriminating 12 FA samples from 12 FC samples using a linear discriminant analysis, based on 80 regulated genes (Table 4,  Supplementary Table 11 , see section on supplementary data given at the end of this article). These samples were analyzed on an older generation of Affymetrix arrays, the HG-U133A array, and w22.500 transcripts are shared between the two generations of arrays. Of the 76 probe sets in our classifier, 45 were represented on the older array and used in the analysis. When applying our SVM classifier on the Weber's validation data, we obtained an accuracy of 92% (22/24) with a sensitivity of 0.83 and a specificity of 1.0 for FC (Supplementary Tables 3 and 10 , see section on supplementary data given at the end of this article), although this data set was preprocessed and normalized differently from our data. Multiple studies have shown that different normalization strategies have a great impact on data analysis and end results (Hoffmann et al. 2002 , Ploner et al. 2005 , Shedden et al. 2005 , and the high accuracy on the validation data emphasizes the robustness of the classifier and signature. Although the reduced gene signature from classifier 1 performed well on the older generation of Affymetrix arrays, we observed a decrease in performance when we substituted this reduced gene list into our classifier and applied it on the HG-U133_plus_2 array, resulting in an accuracy of 88% for SVM and 92% using the LDA algorithm (data not shown). This suggests that we would get a even better classification of the validation data had they been hybridized on the next generation arrays, since the subset from the HG-U133A array did not perform as well on the new array as the full set of 76 probe sets.
Cross-platform and cross-laboratory use of signatures
In order to further test the overall performance of the FA classifier versus FC classifier, we applied a selection of recently published gene signatures and classifiers on both our 40 follicular neoplasia samples and the 24 validation samples to test if our classifier gives comparable or better results. Besides the 80-gene signature mentioned above, we tested additional 6-gene signatures (Griffith et al. 2006 , Foukakis et al. 2007 , Prasad et al. 2008 , Hinsch et al. 2009 ). The results for all the signatures are given in Table 4 , and they are given in detail for all the employed algorithms in Supplementary Tables 3-18 , see section on supplementary data given at the end of this article. First, we applied the two signatures (3 and 80 genes) published by Weber et al. using a model framework that was the same as that used in the previous analyses. Weber's 80-gene signature did not perform as well on Table 5 ). When applied on the 24-sample validation data set, the 5-gene signature had an accuracy of 71% (17/24), Supplementary Table 13 . Also, we tested a 32-gene signature optimized to distinguish benign thyroid lesion from malignant thyroid lesion, which was derived in a large metastudy by taking the lessons from recent papers on thyroid microarray analysis into account (Griffith et al. 2006) . Based on a ranking system giving higher weight to genes that were selected in three or more of the evaluated expression studies, a top 12-gene signature was devised (Griffith et al. 2006) . For each signature, we performed classification by applying both SVM learning and other algorithms for comparison. The SVM model gave the worst outcome with the top 12-gene signature applied on our data of only 55% accuracy, i.e. sensitivity and specificity of 0.44 and 0.64 respectively for FC. Nearest centroid showed improved performance with 70% accuracy (Table 4 and  Supplementary Table 6 ). Better results were obtained when applying the signature to the validation data set reported by Weber, showing 88% accuracy, reflecting a sensitivity and specificity of 0.83 and 0.92 respectively (Table 4 and Supplementary Table 14) . Notably, this 12-gene signature performed as well as Weber's own 80-gene signature when applying the LDA algorithm resulting in an accuracy of 92% (22/24).
The poor results of the top 12 meta-genes on our data were improved somewhat when the full 32-gene signature was applied (Griffith et al. 2006) , increasing the accuracy to 83% (33/40), see Table 4 and  Supplementary Table 7 . Lastly, we tested the performance of the SVM classification based on the 25 (21-annotated)-gene signature published by Hinsch et al. on our 40-sample data set and the 24-sample set, which resulted in accuracies of 70 and 71% compared with 80 and 92% for the 75-gene signature published by Prasad et al. (Table 4, Supplementary Tables 8, 9 , 16, and 17).
In general, we observed that even if a signature showed good performance on one data set, it performed poorly on the other data set (Table 4 ). Overall, classifier 1, built to classify FA and FC, showed the best cross-platform and cross-laboratory performance, both on the training set and on validation data sets (Weber et al. 2005 , Hinsch et al. 2009 
Discussion
We showed that FC is characterized by increased levels of mRNAs encoding proteins involved in DNA replication and mitosis corresponding to increased numbers of dividing cells, as well as to the loss of transcripts encoding proteins involved in growth arrest and apoptosis. Taken together, these aberrations may provide a minimal platform for malignant transformation (Evan & Vousden 2001) .
Poorly differentiated and invasive carcinomas are known to exhibit a high proliferative grading, and it has been debated whether the mitotic index is useful to diagnose FC (Perez-Montiel & Suster 2008 , Ghossein 2009 ). In agreement with the clinical experience, we noted that cell-cycle mRNAs followed a gradient ranging from a few fold to more than 50-fold up-regulation, which may limit the isolated use of this parameter for diagnostic purposes. A number of the up-regulated transcripts including anillin , ARP 2/3 complex (Otsubo et al. 2004) , abnormal spindle homolog (Ayllon & O'connor 2007 , Lin et al. 2008 , centromere protein F (Campone et al. 2008) , KIF4A (Taniwaki et al. 2007) , maternal embryonic leucine zipper kinase (Gray et al. 2005) , NIMA-related kinase 2 (Hayward & Fry 2006) , PDZ-binding kinase, protein regulator of cytokinesis 1 (Boukarabila et al. 2009 ), regulator of chromosome condensation 2 (Stacey et al. 2008) , encoded proteins that are directly involved in mitosis and several of them are over-expressed in other cancers. In particular, transcripts encoding ribonucleotide reductase small subunit, RRM2, and topoisomerase 2a, TOP2A respectively, are intimately connected to cancer. RRM2 promotes invasion and metastasis of tumors, and its over-expression is associated with gemcitabine resistance , Souglakos et al. 2008 , whereas TOP2A is frequently amplified in breast cancer, where it is an independent predictor of survival and a marker for anthracycline-based chemotherapy (Pritchard et al. 2008 , O'Malley et al. 2009 ).
Apoptosis is important in both benign and malignant thyroid diseases (Mitsiades et al. 2000 , Chen et al. 2004 . Under normal conditions, epithelial cells are strictly organized, and detachment from the epithelial lining and basal membrane triggers apoptosis (Evan & Vousden 2001) . In this way, proliferation and migration of preneoplastic cells are suppressed. In comparison with normal thyroid tissue and benign goiter and adenoma, we found that loss of apoptotic and growth arrest factors first occur during transformation to malignancy. Compared with papillary cancers that only exhibit a moderate decrease in apoptotic factors, down-regulation was marked in follicular cancers and ACs. In contrast to the up-regulation of cell-cycle-associated transcripts, loss of apoptotic mRNAs was prominent in all samples, implying that this event precedes proliferation. The coordinated down-regulation of NR4A1 and NR4A3 and JUN, FOSB, and CITED2 is striking, since these factors have previously been shown to be part of a common proapoptotic and cancer-predisposing pathways (Mullican et al. 2007) . Moreover, this finding is supported by two recent studies where NR4A1 was found to be down-regulated in FC (Fryknas et al. 2006 , Camacho et al. 2009 ). NR4A1 and NR4A3 also known as Nur77 and Nor-1 respectively are homologous orphan nuclear receptors that regulate the transcription of a common set of target genes (Li et al. 2006) , and both have been described as homeostatic regulators of proliferation and apoptosis (Moll et al. 2006 , Zhan et al. 2008 . While NR4A1-and NR4A3-deficient mice respectively exhibit subtle phenotypes, it was recently shown that double knockout quickly leads to acute myeloid leukemia. The mice exhibited abnormal expansion of hematopoietic stem cells and myeloid progenitors as well as decreased expression of the AP-1 transcription factors JunB and c-Jun and defective extrinsic apoptotic Fas-L and TRAIL signaling (Mullican et al. 2007 ). NR4A1 and NR4A3 translocate to mitochondria and stimulate the release of cytochrome c in a BCL2-dependent manner. The observed down-regulation of mitochondrial ion channels could promote these processes, since they also participate in apoptosis (Yu & Choi 2000 , Szabo et al. 2004 .
FEA has many similarities to FA, but due to its morphological resemblance to fetal thyroid it has been described as a separate follicular variant. As shown in the PCA of all transcripts, both FC and FA are heterogeneous, and this is also the case for FEA. FCs may roughly be distinguished from FEA by the transcripts that are the same as those that differentiate FCs from FAS, and in this way, they may classify FEA as adenoma. On the other hand, a few hundred transcripts differ between FAs and FEAs, supporting that FEA represents a distinct variant of the adenoma. However, we found no evidence of any particular changes in fetal markers such as PAX8, TTF-1, and HEX or markers of differentiated thyroid cells such as DUOX, NIS, TPO, or PDS to support a fetal origin, so perhaps it is not justified to withhold the present nomenclature. Moreover, it should be noted that the difference among the transcriptomes of FA and FEA is merely a quantitative difference. We cannot detect mRNAs that are specific to either tumor, so taken together, we propose that FEAs are categorized as FAs until a unique difference in clinical outcome or biology is demonstrated.
Since the global expression data identified a number of transcripts encoding factors intimately correlated to transformation, we explored if it was possible to generate a robust diagnostic signature. We compared the performance of several algorithms (Table 3) , and although the majority performed well, the support vector was efficient in all combinations. Classifier 1, which was designed to distinguish between FA and FC, exhibited a sensitivity of 0.94 and specificity of 0.96 for FC. Both widely and minimally invasive carcinomas were accurately predicted, indicating that this histopathological distinction is not related to the transcripts included in the classifier. Although with lower sensitivity and specificity, it was also possible to classify FEA supporting the unique nature of these tumors. One of the major challenges for microarraybased diagnostics is to eliminate cross-platform variation and exploit public domain data in the development of robust signatures. Hence, we compared the efficacy of previously generated signatures on our material, and used the publically available expression profiles as the validation set. In agreement with previous experiences from analysis of breast cancer samples (Sotiriou & Pusztai 2009) , there was limited overlap between the genetic signatures that different research groups have employed for classification. Nevertheless, there was an encouraging agreement in their ability to predict the correct diagnosis (Prasad et al. 2008 , Hinsch et al. 2009 ). Classifier 1 correctly determined the diagnosis of FA and FC in 92% of the tumors examined by two independent laboratories (Weber et al. 2005 , Hinsch et al. 2009 , and stands out as a very robust signature. In general, classifiers consisting of few transcripts were less accurate, probably reflecting that small numbers of Endocrine-Related Cancer (2010) 17 691-708 www.endocrinology-journals.org mRNAs in a classifier may be more sensitive to geographical and platform variations (Table 4) . We trust that the high accuracy of our signature may be related to improved mathematical tools and the fact that we have had the possibility to select more optimal probe sets, since the whole genome U133 2.0 array contains about double as many probe sets compared with previous generations of arrays. Moreover, the signature used for classification is very similar to the set of differentially expressed mRNAs, which as described above, may reflect biological changes that are intimately connected to transformation.
In conclusion, we propose that down-regulation of factors involved in growth arrest and apoptosis may represent a decisive step in the pathogenesis of FC. The coordinated loss of NR4A1 and NR4A3 may play a central role in transformation since this pathway previously has been causally associated with malignancy. Finally, additional clinico-pathological studies with follow-up are needed to assess the predictive power of this apparently robust classifier in differentiating FA from FC in the clinical setting.
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